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Factors affecting mobile business intelligence (m-BI)
acceptance and use have become an increasingly
important topic in practice due to the growing
complexity of organizations, and their underlying
information systems (IS). Since, one can notice
considerable interest in m-BI, however, to the best of
our knowledge few studies (if any) aim to synthesize
the existing body of knowledge with regards to the
factors affecting m-BI acceptance and use. To fill
this gap, we conducted a systematic literature review
and summarized the current state of the art. By
addressing research questions, we identified a set
of five factors, namely: Perceived Value, Perceived
Ease of Use, Managerial Attitudes, Facilitating
Conditions and Quality of Information, and specified
their inter-relationships. Moreover, we introduce an
acceptance model (m-BIAM) on behavioral intention
and use mobile Business Intelligence solutions. The
contribution of this study lies in these evidence-based
findings, which lay a solid foundation for further studies
in the extent of testing and evaluating the m-BIAM
model, targeted at delivering more evidence to confirm
its validity and predictive power.
1. Introduction
The global Business Intelligence (BI) market is
predicted to grow from $23.1 billion in 2020 to reach
$33.3 billion by 2025, with a Compound Annual Growth
Rate (CAGR) of 7.6% during the forecast period [1].
Similarly, the size of the mobile BI (m-BI) market is
foreseen to progress from $10.08 billion in 2019 to
$17.18 billion in 2025, at a CAGR of 22.2% during
the outlook period [2]. The reasons for m-BI growth
concern both hardware and software developments.
While the former concerns the growing adoption of
the Enterprise Mobile Application Platforms, often
connected with the integration of Internet-of-Things
(IoT) technologies, the latter is the result of strong
competition between BI vendors. Moreover, it is worth
noting here, that nowadays, while the global pandemic is
having a devastating impact on public health, and caused
an economic crisis around the world, then cloud and
mobile computing are claimed to be an unsung hero in
the battle against the COVID-19 [3, 4, 5].
From the research perspective, m-BI has imposed
new challenges, opportunities and issues to be studied.
In 2012, O’Donnell et al. [6] placed mobile business
intelligence on the top of the list, regarding critical
issues facing business intelligence practitioners at the
current time. Security [7], privacy [8], usability [9] and
availability [10], to name just a few, undoubtedly are the
ones that must be fulfilled for m-BI to be placed on the
market shelf. Here, a question arises: what other factors
influence mobile BI acceptance and use?
On the other hand, mobility is no longer considered
a ”nice to have” option, it’s rather a must for plenty
of businesses. Therefore, the decision-makers face
the challenge of selecting and implementing the m-BI
solutions, keeping in mind their specific hardware
limitations (e.g. connectivity, screen size), as well
as employee (users) expectations and requirements.
Until now, various models have been demonstrated and
evaluated to aid understanding of drivers behind the
acceptance and use of m-BI solutions.
However, to the best of our knowledge, there are
few studies (if any) that synthesize and classify the
state-of-the-art research in this area. Toward that
end, we employ a qualitative mixed-method approach,
combining systematic literature review, survey, and
semi-structured interviews with experts. Using different
sources of information, a multi-faceted analysis enabled
us to reflect upon both the theory and practice. As a
consequence, having timely and reliable primary and
secondary data, we developed the classification of the
factors and assembled a unified model of the user
acceptance of m-BI technology.
The rest of the paper is structured as follows. Section
2 provides the theoretical background and motivation.
Section 3 gives an overview on the methodology





applied. Section 4 introduces the m-BIAM model
from the study conducted, followed by the discussion
in Section 5. Eventually, Section 6 outlines the final
conclusions.
2. Background and Motivation
In the light of recent studies, regarding both BI and
m-BI, we firstly draw upon the theory, and secondly, we
discuss the current issues and challenges. Therefore,
this section provides a brief synthesis of both past and
ongoing research efforts in these two areas, outlining the
theoretical framework and genesis of the current study.
Nowadays, Business Intelligence (BI), previously
also known as Business Analytics (BA), is developing
intensively. The term has been used by scientists dealing
with artificial intelligence since the 1950s. For instance,
in 1958, H. P. Luhn identified BI with data analysis tools
[15]. However, it did not become a popular term in
business and IT environments until the 1990s.
At the end of the 20th century, BA was introduced as
a key analytical component of BI [16, 17]. Currently, the
authors differentiate BA from BI which analyzes past
and present data to efficiently handle current operations,
while BA analyzes past data to analyze current scenarios
and prepare for companies’ future [18]. BA as a system
based on machine learning techniques is also intensively
developing to promote the organization’s effectiveness
and efficiency by supporting the decision-making
process. It applies not only to specific areas of the
company but also to various sectors of the economy.
BI is the process of transforming data into
information, and information into knowledge that can
be used to increase the company’s competitiveness
[19]. In the business sense, it means a combination
of system architecture, applications, and databases
that enable real-time analyses and transformations,
providing the necessary information and knowledge
to business [20], and comprising the strategies and
technologies used by establishments to analyze business
information. BI capabilities enable reporting, analytics,
online analytical processing, dashboard creation, data
mining, processes, complex event processing, business
performance management, benchmarking, text mining,
predictive analytics, and predictive analytics [21, 22].
Some modern conceptualizations present BI as a
strategic artifact in four strategic clusters: as a system,
as a planned process, as a product, and as a decision
paradigm. Organizations need data obtained through BI
to influence how their company operates and responds
to the changing market [23]. In a purely business
and practical sense, BI is a combination of system
architecture, applications, and databases that together
enable real-time analysis and transformation, providing
the necessary information and business knowledge [24].
The basic tools of each analyst are the equivalents of
a sheet of paper and a pen, text editor, modeling tools,
versioning tools, equivalents of whiteboard and sticky
notes (e.g. calendar), spreadsheets, data presentation
and visualization programs.
The new challenge is mobile Business Intelligence
(mobile BI, or m-BI) which means a system composed
of technical and organizational elements that provide
users with historical or real-time information.
Information is analyzed on mobile devices such
as smartphones and tablets, enabling real-time
decision-making and management support to increase
the company’s efficiency. Table 1 depicts five selected
definitions of mobile BI.
The intensive development of mobile data
processing is due to ideas that have been popular
for over ten years, especially due to the transition
from the ”wired world” to the ”wireless world”. An
important factor in this process is the preponderance
of smartphones, which ushered in the era of mobile
computing in the BI field [25]. The interest in and
exploration of mobile technologies is constantly
growing, especially in developing countries, where
m-BI serve the needs of customers and the expectations
of stakeholders. Mobile BI applications are claimed
to be a source of accurate and timely information for
the decision-makers [26]. The current m-BI solutions
include: Fivetran, Tableau, Domo, and Power BI
Mobile. To date, leaders in analytics and BI platforms
are Microsoft, Tableau, Qlik, SAP, and Sisense [27].
Striving for effective BI has been a long-standing
aim of firms in different sectors of industry [28, 29].
This is evidenced not only by considerable investments
made, but also by the corresponding proliferation of
research. Nevertheless, many studies have reported
failures of BI implementations, understood in terms of
the lack of user satisfaction. For instance, Isik et al. [30]
reported that fewer than 25% of users declared being
strongly satisfied with any aspect of their BI solution,
indicating they are not yet getting full leverage from
BI in terms of timeliness, precision, decision-making
support, or even ease of use that they seem to expect.
Concerning acceptance of the BI solutions, other
studies point to factors such as user participation
in the implementation of the system [31], users’
motivation to learn [32] According to Motta et al., the
most significant drivers behind m-BI implementation
include [33]: integration of existing BI systems and
increasing their usability, as well as improving business
efficiency and information communication timeliness.
Moreover, Dubravac and Bevanda reported that users’
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Id Definition Author(s) & Year
1 m-BI applications are extension of the BI functionalities on mobile devices used
by the decision makers in companies and classify this type of applications in three
categories: “standalone applications (they run on mobile devices independently
of external resources and connections), network applications (they use distributed
components on mobile devices as well as on external systems) and web applications




2 m-BI is not a standalone solution, but a complementary solution to traditional BI,
providing users with self-service, efficiency, and the mechanism to make real-time
decisions using organizational data that is readily available.
Tona & Carlsson,
2013 [12].
3 m-BI is a capability that enables the mobile workforce to gain business insights
through information analysis using applications optimized for mobile devices.
Verkooij & Spruit,
2013 [7].
4 m-Bi is the ability of the persons to access BI related data such as dashboards, key
performance indicators, and business metrics, on mobile devices.
Alexe et al., 2014
[13].
5 m-BI is the ability to access BI-related data such as key performance indicators (KPIs),
business metric and dashboard through mobile device; m-BI addresses the use-case of
remote or mobile workers that need on-demand access to business-critical data.
Fang et al., 2018
[14].
Table 1: The selected definitions of the Mobile Business Intelligence.
future expectations from adopting m-BI concern [34]:
additional education/ training using BI systems and
analytics tools, frequently updated data, upgrading
data infrastructure for scalability and availability, richer
self-service functionality, access to data warehouses,
and the increase of BI use and data services in the cloud.
Last but not least, in our humble opinion, timely
and effective conversion of data and information into
working knowledge, at any time and in any place, is a
major contributor to competitive advantage which can
be accomplished by using m-BI solutions. The rationale
behind this claim is that m-BI inherits most (if not all)
advantages of BI tools, which bring the advantage over
competitors by analyzing market trends, identifying
the profitable customers, enhancing decision-making
abilities [20, 35, 36], just to name a few. While
numerous scholars have expended efforts to examine
the topic of m-BI, research in this field still remains
fragmented, making it difficult to gain a comprehensive
understanding of the current state-of-the-art and to forge
a path ahead. This study aims to fill this gap and to
develop a theoretical model using a multidisciplinary
approach that draws upon the literature.
3. Methodology
Our study is qualitative by nature and is based on
the review and analysis of available secondary data.
Therefore, we selected the Systematic Literature Review
(SLR), as the most appropriate research method for
extracting the body of scholarly literature. Nowadays,
this method has been widely adopted in the computer
science research area, enabling an evidence-based
evaluation and synthesis of an emerging yet already
diverse topic. In this study, we adopted guidelines
suggested by Kitchenham [37], since their value has
been widely acknowledged worldwide. In the following
section, we provide details of their application and
adaptation to the research goal.
3.1. Research Design
While neither BI nor m-BI are novel concepts or
brand-new technologies, the latter seems to be still
uninvestigated in the context of user’s acceptance and
use. Therefore, this research aims to develop a unified
m-BI acceptance model (m-BIAM). Having said that,
we set up a context of our study, necessary to formulate
the research questions.
First and foremost, one should note that through
this paper three terms are used alternately to denote
the same concept, namely: use, acceptance and
adoption. This is the result of the pilot study, which
concerns selected landmark studies, regarding business
intelligence models. Since our intention is not to
deliberate on which of these three terms are the most
suitable, we treat them as synonyms of one theoretical
construct.
Research Question Definition. At the first
stage of the review, the research questions should be
unambiguously spelled out as a goal to be answered.
Along this line of reasoning, the following research
question guided the development of the research
protocol: (RQ1) what are the variables used to develop
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Search Query / Data Source / Step Scopus WoS ACM G. ScholarI II III I II III I II III I∗ III
mobile + ”business intelligence” + use 84 84 6 41 12 1 88 88 0 48900 1
mobile + ”business intelligence” + acceptance 2 0 0 4 0 0 74 0 0 26300 0
mobile + ”business intelligence” + adoption 6 0 0 7 1 0 64 0 0 33600 1
Sum 92 84 6 52 13 1 226 88 0 108800 2
I: number of the search results; II: number of the search results after duplicates removal; III: number of the relevant papers.
Table 2: The summary of the data extraction stage.
m-BI acceptance models?, and (RQ2) what are the
moderators and through which relationships do they
operate to impact on dependent variables?
Data Source and Search Strategy. The search
process encompassed the following four databases (see
Table 2). The first was the Scopus database, as the
largest abstract and citation database of peer-reviewed
literature [38], server as the reference point for the other
three. The second was the Web of Science (WoS), being
the world’s most trusted publisher has indexed over 171
million records so far [39]. The ACM Digital Library
(ACM) was the third database, having one of the most
comprehensive collections of full-text articles covering
the fields of computing and information technology,
with the estimated size of 231 000 distinct titles [40].
The last data source was Google Scholar, by many
claimed to be the number one go-to information source
in academia [41], with an estimated index of around
160-165 million documents in 2015 [42].
Search Query Definition. Keywords for the
literature search were derived from the research goal.
Following the database’s guidelines regarding the use
of Boolean operator AND, and appropriate quotation
marks for a fixed sequence of terms, we used two
topic terms (”mobile”, + ”business intelligence”), in
conjunction (+) with one of the contextual terms (”use”,
OR ”acceptance”, OR ”adoption”). Eventually, three
separate search queries were defined (see Table 2).
These search queries were executed on April 2021.
Inclusion and Exclusion Criteria. The following
inclusion criteria (IC) were established to identify
studies that are relevant to obtaining answers to the
defined research questions: (IC1) the document type is
a peer-reviewed journal article, and (IC2) the document
is written in English. The first column (I) in Table 2
depicts the number of the search results, after applying
together IC1 and IC2. In the case of Google Scholar,
these two criteria were not applicable (∗).
We then removed duplicates, comparing the search
results separately for each query with the simultaneously
updated list of papers, which eventually left us with
185 unique papers (84 from Scopus, 13 from WoS, and
88 from ACM). In this extent, the precise numbers are
given in the second (II) column in Table 2 for each
data source. We excluded Google Scholar from this
procedure since we had to compare in total about 108k
records.
To identify studies relevant to the focus of this
review, the titles and abstracts of the extracted 185
records were screened and analyzed in-depth by two
researchers, following two exclusion criteria: (EC1)
the full version of the document is not available
through subscription from the institutions, or from the
associations of which we are members, and (EC2) the
document does not exhibit a model of mobile business
intelligence acceptance, use, or adoption. However, in
the case of Google Scholar, we screened titles of the
documents from the first thirty pages for each query (900
records), applying the exclusion criteria.
Eventually, the third (III) column in Table 2 shows
the number of the relevant papers identified, in total
standing for 9 records (6 from Scopus, 1 from WoS, and
2 from Google Scholar).
3.2. Data Extraction and Analysis
A data extraction form was developed using a
document, available online for the authors, including the
selected information attributes relevant to the research
questions, as well as potential future studies. The
extraction document included, for instance, names of
authors, document title, year of publication, journal
title, theory used, research method used, and the set
of variables used in the particular research models, and
their level of significance.
In total, 32 variables were extracted from the nine
papers (see Table 3). Afterwards, the collected data
set was then analyzed retrospectively. While taking
into account the nature of the studied problem, and
more specifically the research questions addressed, we
then distinguished the following three categories of
variables, used to assemble the models regarding the
m-BI acceptance:
1. Independent (x) variable provides information
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Code Factor & Reference [14] [43, 44] [45] [46] [47] [48] [49] [50]
PV Perceived value • •**** •
PEOU Perceived ease of use • •*** •**** •
TRUST Trust • •
PEOA Perceived ease of adoption • •
TPS Top management support •*
ME Management expectations •*
ISP Information security policy •*
UP User privacy •*
GR Government regulations •*
LAG Loans and grants •*
MP Mobile platform •*
GUI Graphical user interface •*
IU Information utilisation •*
FOI Flow of information •*
SC Storage capacity •*
TS Training session •*





QOI Quality of Information •* •**** •
MA Managerial Attitudes •* •****
SQ System Quality •*
OC Organization Climate •*
PE Performance Expectancy •**
EE Effort Expectancy •**
SI Social Influence •**
FC Facilitating Conditions •**
AU Analytics Use •
DVU Data Visualization Use •
DU Dashboard Use •
The level of significance reported in the aforementioned studies: *p < 0.1, **p < 0.05, ***p < 0.01, ****p < 0.001.
Table 3: The summary of the extracted variables regarding m-BI use, acceptance, or adoption.
on an associated dependent variable (y) regarding
a particular outcome; by definition, each
independent variable implies causality which
means affecting the dependent variable.
2. Moderator (m) variable affects the strength
of the relationship between a dependent and
independent variable. The moderator variable, if
found to be significant, can cause a weakening or
amplifying effect between x and y.
3. Dependent (y) variable is the effect, and its
value depends on changes in the independent
variable(s).
Accordingly to the above categories, we elaborated
the quality criteria for each group. Next, we analyzed
again and evaluated the volume of 32 extracted variables
by applying the following quality criteria: must have its
roots in grounded information systems theory models of
technology acceptance (Q1), and must occur at least one
in the relevant sources (QC2).
This procedure was performed during the online
discussion between two of the authors. Since we
agreed with the outcome, we also individually sought
to examine the definition of each variable to check its
causality with the dependent variable. Eventually, we
came to a consensus on this, most notably merging and
choosing four independent variables:
1. Perceived Value (PV), according to TAM
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and UTAUT models, known as Perceived
Usefulness (PU) and Performance Expectancy
(PE), respectively.
2. Perceived Ease of Use (PEOU), defined as Effort
Expectancy (EE) in UTAUT model
3. Managerial Attitudes (MA), in UTAUT defined
as Social Influence (SI)
4. Facilitating Conditions (FC).
Yet, the extracted list (Table 3) shows variables
(factors) specific for mobile business intelligence,
which should be reconsidered. Most severely, mobile
technologies, among many advantages, exhibit certain
limitations, including battery lifespan, performance
capacity, wireless network coverage and connection
bandwidth limits. From a user perspective, mobile
computing imposes other impediments, comparing to
their desktop equivalents, such as smaller screen size,
slow and error-prone typing, and ”single window” view
enforcement [51, 52]. All of these issues have been
clubbed together under the moderating factor, defined
as Quality of Information (QOI).
Moreover, according to Hayes [53], moderation
analysis makes it possible to check whether the
magnitude of the impact of a variable on any outcome
variable of interest depends on a third variable or set
of variables. Moderators are factors that determine
the existence and strength of an observable relationship
between variables or their absence. Therefore, we
also adopt from UTAUT model three other moderators,
namely: Gender (G), Age (A), and Experience (E),
assuming that they are likely to individually influence
the relationship between each of the four independent
variables and the intention to use (see Figure 1).
Nevertheless, it should be pointed out that while
some of the remaining extracted variables (Table 3) were
found to be empirically and statistically verified, then
others have not been confirmed yet. On this account, this
lack of empirical studies indicates a void in the research,
worth considering to include in future studies.
4. The m-BI acceptance model (m-BIAM)
Typically, acceptance is conceptualized as the result
of a psychological process through which users go
when deciding on a new technology [54]. Up to now,
numerous models have been developed to explain and
predict the intention to use (and use of) information
systems. Among these, the technology acceptance
model (TAM) [55] is the one that has been widely used,
and by many is described as the most influential in IS
theory to explore user acceptance [56].
Despite the model’s novelty and acknowledged
advantages, TAM has also its limitations. The first
major limitation of TAM is self-reported usage, a better
approach would be to employ an independent measure
of actual use. Second, results obtained from empirical
studies found that it explained approximately 40% of the
variance in usage intentions and behavior [57].
Therefore, the elaborated mobile business
intelligence acceptance model (m-BIAM) is based
not only on the TAM model, but also has its foundations
in succeeding TAM2 [58] and UTAUT models. Since
both have stronger explanatory power than the original
TAM model, the additional number of variables raises
the question of parsimony. To balance the explanatory
power and the model complexity we restrict ourselves
not to include the additional variables, which, on the
other hand, might be seen as another research gap to
be addressed in future studies. Besides, we explain in
detail below, how we understand the variables involved
in our theoretical model.
Firstly, in our study we adopted the naming from
TAM2 and TAM models respectively, that is Intention
to Use (IU), and Actual Usage (AU). While the former
is defined here as a measure of the strength of the user’s
interest to use m-BI solution in his/her daily work, then
the latter, based on the current user experience in the
context of his/her initial expectations [59], concerns
the frequency of m-BI use, typically indicated by the
number of m-BI use and total usage duration during a
working day or week [60].
Perceived Usefulness (PU) is defined as ”the degree
to which a person believes that using a particular system
would enhance his or her job performance” [61]. It is
worth noting here that the alternate construct of PU is
defined as Performance Expectancy (PE). Taking into
account the context of the current study, and similarly to
the Technology Acceptance Model for Mobile Services
(TAMMS) developed by Kaasinen [62], Perceived
Value (PV) of m-BI takes the place of PU in our model.
Perceived Ease of Use (PEOU) is defined as “the
degree to which a person believes that using a particular
system would be free of effort” [61]. Typically,
this construct has a different name, namely Effort
Expectancy (EE).
Social Influence (SI) is defined as the degree to
which an individual perceives that important others
believe he or she should use the new system [63]. Taking
into account the purpose of using m-BI tools, it seems
rationale to replace SI by Managerial Attitudes (MA),
which in the current study is considered as the degree to
which an individual perceives an influence and support
from people such as the managers and directors of an
organization to encourage the use of m-BI solutions
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Figure 1: The unified mobile business intelligence acceptance model (m-BIAM) for business organizations.
to facilitate business processes. It is worth noting
here that according to Aggarwal & Bhargava [64], an
attitude is formed in the process of satisfying needs, in
certain social conditions, or a permanent organization of
knowledge, beliefs, feelings, motives, certain forms of
behavior and expressive reactions of a subject related to
a specific object or class of objects.
Last but not least, Facilitating Conditions (FC)
can be defined as the degree to which the user
believes that the use of the system is supported by the
existing organizational and technical infrastructure [63],
including standards and guidelines [65], or technical
support [66].
However, while models such as the UTAUT and
UTAUT2 comprise a facilitating conditions construct,
its definition, as well as its related psychometric
measurements, are general and not specific to a
particular technological or socio-cultural domains [67].
Moreover, to the best of our knowledge, none of the
identified studies have defined and characterized the FC
component with regard to the m-BI settings.
It should be also noted that the UTAUT model does
not include an effect of facilitating conditions (FC) on
behavioral intention (intention to use, IU) since it is
expected to be non-significant [63]. While some studies
confirm this assumption [68, 69, 70], then others show
the opposite [71, 72]. Since the concept of FC is seen
as a relevant determinant of mobile services use [73],
we expect that facilitating conditions also influence on
intention to use mobile business intelligence (m-BI).
Generally speaking, Quality of Information (QOI)
is defined as the degree to which information assets
fulfills user’s requirements, including: (i) timeliness,
the speed with which information is received [74],
(ii) adequacy, being enough or satisfactory for a
particular purpose [75], (iii) reliability, the credibility
of information resulting from past experience, source,
adopted methodology for obtaining and processing
information and the channel of its delivery [76], (iv)
accuracy, concerning the correctness and detail of
information [76], and (v) completeness, reflecting the
full picture of a given realm [77].
It seems rational to conclude that the physical
limitations imposed by mobile technologies can
negatively impact the user’s perceived effort, as well as
on the perceived usefulness of the m-BI tool. Therefore,
in our model, we assume that the quality of information
has a moderate effect on perceived ease of use (PEOU)
and perceived value (PV). More precisely, poor quality
of information weakens the relationship between PEOU
or PV and intention to use. Interestingly, Buchana
[47] rejected the hypothesis stating that quality of
information positively influences intention to use m-BI.
Figure 1 depicts the elaborated m-BIAM model,
targeted at explaining users’ behavioral intention to use
and accept mobile Business Intelligence solutions, and
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devoted to business organizations.
5. Discussion
In a very short amount of time, mobile technologies
have undeniably changed the way we live, and the
businesses we do. The market of mobile applications
has now reached a massive 8.93 million [78], while
mobile business and productivity apps see 7.1 billion
downloads in 2020 [79]. However, while the number
of studies regarding mobile application acceptance and
use has been growing every year, then the topic of
mobile Business Intelligence (m-BI) has been poorly
explored. This study aimed to fill this void and provide
evidence-based results by employing a systematic
literature review approach.
Although a rigorous and well-established
methodology was used, yet the study has several
limitations. First, the search procedure included
the studies exclusively published in peer review
journals in English and indexed by four databases.
Therefore, future studies should cover papers from
conference proceedings and books in English, as well
other languages. Second, despite the comprehensive
evaluation undertaken by the authors, including the
cross-validation procedure adapted to the qualitative
analysis, a bias in the interpretation of the texts cannot
be excluded. Hence, more evidence is desired to
confirm the assumptions and hypotheses, introduced
within the elaborated m-BIAM model.
Our study contributes to the theory on information
systems by delivering and assembling the m-BIAM
model, explicitly identifying its internal constructs and
specifying its inter-relationships. We believe that our
model depicts a comprehensive view on the underlying
factors affecting a user’s acceptance and use of mobile
business intelligence solutions, and will spark the
discussion on how organizations can create economic
and social value by adopting its practical tenets.
6. Conclusions
In this paper, we epitomize factors affecting m-BI
acceptance, in particular four independent variables,
namely Perceived Value (PV), Perceived Ease of Use
(PEOU), Managerial Attitudes (MA), and Facilitating
Conditions (FC), provide information on an associated
dependent variable as Intention to Use (IU), and directly
leads to the outcome – actual usage (AU). It should
be noted that Facilitating Conditions (FC) have dual
significance, affecting both an associated dependent and
output variables. We also put forward one moderator,
defined as the Quality of Information (QOI), which is
assumed to affect the relationships between Intention
to Use and Perceived Ease of Use (PEOU), as well as
between Perceived Value (PV).
Clearly, the results give many opportunities for
future research. The proposed m-BIAM model is based
on interdependencies, which should be further tested
and evaluated by using both qualitative and quantitative
methods, in order to bring more evidence to confirm its
validity and predictive power.
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